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a b s t r a c t
Green waste, consisting of leaves, wood cuttings from pruning, and grass collected from parks and gar-
dens, is a source of biomass that can be used for material and energy valorization. Until recently, the
EU-Waste Directive 2009/28/EC allowed green waste to be used as feedstock only for compost. This
paper presents a framework for examining the most sustainable processing options for green waste
valorization in terms of the triple bottom line, People–Planet–Proﬁt. A mathematical model is presented
that optimizes proﬁt, as well as environmental and social impact. Four processing options are compared
and analyzed: composting, partial separation of wood cuttings prior to composting, partial separation of
choppedwood cuttings in the sieve overﬂow after composting, and a combination of the last two options.
Computational results for a Belgian case demonstrate that the optimal sustainable recovery solution isustainability
erformance evaluation
reen waste valorization
to separate a fraction of the wood cuttings in the sieve overﬂow for use as green energy feedstock. Addi-
tionally, if sufﬁciently large subsidies are available to separate wood cuttings prior to composting, the
optimal solution shifts to one of partially separating the cuttings both prior to composting and in the
sieve overﬂow, and then using the combined cuttings for energy valorization. Whenever cuttings are
partially separated the remainder of the green waste is composted.
© 2016 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license. Introduction
Since the Industrial Revolution, the global economy has grown
apidly through the use of mainly non-renewable raw materials as
eedstock for products and energy; this has led to the depletion of
on-renewable stocks. Over the last decade, this insight has been a
timulus for governments and other involved stakeholders, partic-
larly inWestern, developed countries, to begin a transition toward
sustainable society.Wedeﬁnesustainability inbusinessprocesses
s the combined economic, environmental, and social optimum
f manufacturing alternatives that take into account constraints,
uch as technological limits or legislation, also known as the triple
ottom line (TBL) approach to People–Planet–Proﬁt optimization
Kleindorfer et al., 2005). Government regulations and legislation
lay an important role in this transition and in the coordina-
ion of the complex trade-offs between economic, environmental,
nd societal factors (Tang and Zhou, 2012). Quantitative models
re rarely used to support such decisions (Seuring, 2013; Dekker
∗ Corresponding author at: VUUniversityAmsterdam,DeBoelelaan1105, 1081HV
msterdam, The Netherlands.
E-mail addresses: Dirk.Inghels@vu.nl (D. Inghels), Wout.Dullaert@vu.nl
W. Dullaert), Jacqueline.bloemhof@wur.nl (J. Bloemhof).
ttp://dx.doi.org/10.1016/j.resconrec.2016.03.013
921-3449/© 2016 The Authors. Published by Elsevier B.V. This is an open access article u(http://creativecommons.org/licenses/by/4.0/).
et al., 2012). This paper presents a quantitative model that enables
policymakers to examine different waste processing alternatives
and to identify their most sustainable options, given the relative
importance assigned to people, planet, and proﬁt. Without reduc-
ing more general application, this paper proposes a sustainability
assessment model for optimal green waste recovery. The proposed
model can also be applied to select the optimal recovery process
from a set of alternatives for other types of waste and biomass
feedstock, such as food or wood waste, or lignocellulosic biomass
(see e.g. Sharma et al., 2013 for an overview of conversion meth-
ods).
Green waste consists of wood cuttings from pruning (hereafter,
cuttings), leaves, and grass collected after gardening. The cuttings
are desirable for both composting and energy production since dry
wood has an energy content of 18,600MJ/ton (McKendry, 2002).
When used as co-ﬁring in a power plant, dry wood can generate on
average 1650kWhe/ton. Until recently, green waste could be used
only for compost in the EU. The current version of the EU Waste
Directive 2008/98/EC (EP&C, 2008) permits separating a portion
of green waste cuttings for energy recuperation if doing so can
be shown to be a more sustainable option. Nevertheless compost-
ing remains the most common option to recover material from the
organic fraction of municipal solid waste because of the possibility
to use compost as a fertilizer (Cesaro et al., 2015).
nder the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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To better explain the problem setting and the need for a quan-
itative model to assess sustainability effects, consider the main
ptions for greenwastematerial/energy recovery depicted in Fig. 1.
reen waste composted in open air, so-called aerobic composting
AC), results in compost only. It is also possible to separate some of
he wooden fraction of the green waste to be used for co-ﬁring in
ower plants, depicted as “Pre-treatment” in Fig. 1. When used in
ombined heat power (CHP) installations, the wooden mass of the
reen waste can produce both power and heat. The remaining frac-
ion of the green waste can be fermented by means of an anaerobic
igestion (AD) process, which results in biogas that can be added
o a natural gas grid after upgrading. The digestate of the AD pro-
ess then can be composted. The same fermentation process is also
pplicable for vegetable, fruit and garden (VFG) waste. In many
ases, co-digestion of greenwastewithVFGwaste improves energy
ield and is more economically viable (Braber, 1995).
Anaerobic digestion (AD) of green waste as biomass feedstock
or renewable energy sources (RES) is not economically viable (Pick
t al., 2012).
By using a multi-objective mathematical model, this paper will
xamine the sustainability of the following recovery options for
rocessing green waste: (a) composting, (b) separation of wooden
ass prior to composting, (c) separation of wooden mass after
omposting, and (d) separation of wooden mass prior to and after
omposting. The separated wooden mass can be used for co-ﬁring
n coal power plants generating power and heat.
Using a portion of green waste for energy recuperation could
elp EU member states, such as e.g. Belgium and the Netherlands,
omplywith theEUDirective 2009/28/EC (EP&C, 2009)1 on thepro-
otion of renewable energy resources. EU-targets for the overall
hare of energy from renewable sources by 2020 have already been
educed for Belgium (13%) and the Netherlands (14%), given their
eographical position which results in average sunshine, average
ind speed, almost no possibilities to generate hydro power, and
imited biomass stocks in combination with highly dense popu-
ations. According to the latest ﬁgures of Eurostat (2015) both
ountries still have a huge gap to close. Additional biomass feed-
tocks such as greenwaste can help to close this gap. For this paper,
e will use Flanders, the northern region of Belgium, as a case. In
1 By 2020, so-called 20-20-20 climate targets aim to effect a 20% reduction in EU
reenhousegas emission from1990 levels, raise the shareof EUenergy consumption
roduced from renewable resources to 20%, and improve the EU’s energy efﬁciency
y 20%.te recovery processes.
2012, Flanders implemented the EU Waste Directive 2008/98/EC
(EP&C, 2008) as part of a new Flemish waste directive VLAREMA
(Flemish Government, 2012).
Vanneste et al. (2011) showed that the valorization of wood
waste in large-scale combined heat power (CHP) systems and co-
ﬁring in coal plants offers the largest CO2 reduction per TJ wood
waste for Flanders. The FlemishpublicWasteAgency,OVAM(2009)
already demonstrated the economic feasibility of partially separat-
ing cuttings fromgreenwaste if at least 15% of the cuttings could be
used for energy valorization.However, this study ignored the quan-
titative environmental and social impacts for the different green
waste recovery alternatives examined.
Although co-ﬁring of biomass reduces CO2 emissions compared
to regular power production (Baxter, 2005), co-ﬁring of biomass
with coal is generally more expensive than dedicated coal systems.
Moreover, co-ﬁring also has some known drawbacks such as fuel
preparation, handling and storage, milling and feeding problems,
different combustion behavior, possible decreases in overall efﬁ-
ciency, deposit formation (slagging and fouling), agglomeration,
corrosion and/or erosion, and ash utilization. The impact of these
difﬁculties depends on the quality and percentage of biomass in the
fuel blend. One of the measures to alleviate the difﬁculties of co-
ﬁring is the application of biomass pre-treatment used to modify
biomass properties of e.g. density. The higher cost of pre-treatment
needs to be evaluated against improved fuel operability (handling,
storage, transportation) and operability of the boiler and combus-
tion process (Maciejewska et al., 2006).
The discussion on co-ﬁring illustrates the importance of an inte-
grated approach toward sustainable waste valorization. This paper
does not focus on a single waste recovery process as such. Rather,
it aims at selecting the waste recovery process that performs best
from a triple bottom line perspective.
The remainder of this paper is as follows. Section 2 presents a
literature review on sustainable value recovery and sustainability
assessment modeling. Section 3 deﬁnes the problem statement.
Section 4 introduces the model and Section 5 reviews the results.
Finally, in Section 6 the research ﬁndings are discussed and sugges-
tions for further research are made.
2. Literature reviewSustainable development came on the global agenda as an
answer to environmental degradation, lasting poverty, and under-
development. The Brundtland Commission (WCED, 1987) deﬁned
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ustainable development by integrating social, economic, and
cological dimensions (Hediger, 1999). As a consequence, sustaina-
ility issues are characterized by a high degree of conﬂicts and
ompromise solutions needing to be found (Munda, 2005).
Sustainability in business processes can be deﬁned as the
ombined economic, environmental, and social optimum of man-
facturing alternatives that take into account constraints, such
s technological limits or legislation, also known as the triple
ottom line (TBL) approach to People–Planet–Proﬁt optimization
Kleindorfer et al., 2005).Many sustainability assessments are built
n the TBL concept (Seuring, 2013), which refers to the accoun-
ancy concept that extends classical ﬁnancial reporting to include
ocial and environmental performance reporting, as proposed by
lkington (1994).
The TBL framework requires all three dimensions to be quan-
iﬁed. The economic pillar is commonly represented by the
inimization of costs or the maximization of proﬁts (Seuring and
üller, 2008). However, since the World Summit on Sustainable
evelopment in Johannesburg in 2002, prosperity is also used,
nstead of proﬁt, to reﬂect the perspective that the economic
imension covers more than company proﬁts (Heijungs et al.,
010). For the environmental pillar the standard assessment tool is
he Life Cycle Assessment (LCA), described by ISO14040+44 (2006).
dditionally, the Eco-indicator methodology (Goedkoop and
priensma,2001) canbeapplied toquantify environmental impacts
n a simpliﬁed manner. As economic and environmental dimen-
ions have been on the agenda for some time, there is a growing
onsensus on how to describe them (Seuring andMüller, 2008) and
number of (optimization) models can be found in the academic
iterature. A commonly accepted deﬁnition for the social dimen-
ion is not yet available, largely because there is not yet consensus
n the meaning of the term ‘social’ (Lethonen, 2004). The social
imension is immaterial and thereforedifﬁcult to analyzequantita-
ively (Lethonen, 2004; Munda, 2004). Since many social indicators
annot be quantiﬁed, qualitative ranking and scoring is currently
sed alongside quantitative measures (Klöpffer, 2008). A popular
ethod from Multi-Criteria Decision Making (MCDM) that can be
sed to quantify such qualitative comparisons is the Analytic Hier-
rchy Process (AHP) (Saaty, 2008). AHP requires the social criteria
f interest to be selected and rated by means of pair-wise com-
arisons, as illustrated in Dehghanian and Mansour (2009), which
tilizedAHP to compare social impacts for several design options to
btain a sustainable recovery network for end-of-life tires in Iran.
Seuring (2013) concludes that only a limited number of papers
n green or sustainable (forward) supply chains apply quantita-
ive models. Moreover, the social aspect of sustainability is often
gnored in these quantitative models. As such, Seuring (2013)
sserts that the conclusions of an earlier extensive literature review
f 191 papers on sustainable supply chain management (Seuring
nd Müller, 2008) are still valid. The earlier literature review
howed that all papers covered the economic dimension, 140 also
overed the environmental dimensions (for waste see e.g. Vadenbo
t al., 2014), but only 20 covered the social dimension. These ﬁnd-
ngs are in line with Sharma et al. (2013), which reviewed 32
apers dealing with biomass supply chains and observed that only
wo papers used multi-objective programming models to optimize
imultaneously the economic, social and environmental objectives.
Currently various methodologies and frameworks are avail-
ble for assessing sustainability at different levels such as e.g.,
ountry, city, and organization (Moldavska and Welo, 2016). Fol-
owing Munda (2005) we consider Multiple Criteria Analysis
MCA) to be a suitable tool for assessing sustainability of green
aste recovery. Because the economic, environmental, and social
imensions of the different recovery options are difﬁcult to impos-
ible to compare, Multiple Criteria Analysis evaluation offers the
ppropriate methodological tools to operationalize the concept ofand Recycling 110 (2016) 61–73 63
incommensurability at both macro and micro levels of analysis
(Munda, 2005; Martinez-Alier et al., 1998).
MCA is formed upon the premise that there are many and, at
times, conﬂicting economic, environmental and social preferences,
but that a consensus should be sought (Oglethorpe, 2010). Accord-
ing to the stakeholders’ view, the importance of each objective,
related to the three dimensions to be optimized, can be varied
by assigning weight factors (Carter and Rogers, 2008; Oglethorpe,
2010). Oglethorpe (2010) uses goal programming to optimize the
three pillars and focuses on costs, on-time delivery, lead time,
GHG emitted, energy used, water used, health impacts and num-
ber of accrued jobs. You et al. (2011) uses the -constraint method
to solve the multi-objective mixed-integer linear programming
model that optimizes the three sustainability pillars. They focus
on costs, on time delivery, lead-time, food quality degraded, food
waste, GHG emitted, water used, and number of accrued jobs.
Another approach ispresentedbyDehghanianandMansour (2009),
whouseamulti-objectivegenetic algorithm(MOGA) toﬁndPareto-
optimal solutions for designing a sustainable recovery network, in
which economic, environmental, and social impacts are balanced.
Devika et al. (2014) conclude that a gap still exists in the quan-
titative modeling of social impacts alongside environmental and
economic impacts. They develop a mixed-integer programming
(MIP) model which uses hybrid metaheuristic methods to solve
multi-objective closed-loop supply chain network problems, tak-
ing the three sustainability pillars into account. And Mota et al.
(2015) describe a multi-objective mixed-integer linear program-
ming (MOMILP) model for the design and planning of sustainable
closed-loop supply chains. Their objectives include proﬁt opti-
mization (NPV), environmental impactminimization using the LCA
methodology ReCiPe, and socio-economic indicators applied by the
European Union in its Sustainable Development Strategy.
The previousmentionedpapers demonstrate how the three sus-
tainability pillars can be integrated in a mathematical model. They
present extendable alternative approaches for the inclusion of the
societal “people” pillar of sustainability. However, these papers are
exceptions to the rule:mostmodels to assess sustainable outcomes
deal with a combined economic and environmental optimization
only.
In this paper we want to formulate a multiple-objective mixed-
integer linear programming (MOMILP) model with three objective
functions (economic, environmental, and social) for green waste
recovery. The model is applied to a case in Flanders, introduced
in the next section. Since we compare the traditional composting
optionwith other options thatmay require additional investments,
it is appropriate to calculate theNet PresentValue of thedifferences
to the current situation (see e.g. Guillen-Gosalbez and Grossmann,
2010). To assess the environmental aspects of the different options,
we use the commonly used LCA methodology. Since green waste
is not intentionally grown, but is a by-product, it is not suitable to
use a complete life-cycle approach in which the closed-loop supply
chain must be evaluated (Grant, 2003). Instead, the process can be
better evaluated on its own as a gate-to-gate process in which only
thewaste treatment is considered. If greenwaste is delivered to the
processing facility, then thewaste treatmentprocess toobtain com-
post and separate the wooden mass also needs to be considered. To
assess the social impact, we utilize AHP to compare the different
scenarios for green waste valorization, following Dehghanian and
Mansour (2009).
3. Problem statement and analysisThe composition of green waste differs for each season (e.g.
less grass and leaves in winter) and for each geographical loca-
tion (VLACO, 2010). Since no typical composition of green waste
64 D. Inghels et al. / Resources, Conservation and Recycling 110 (2016) 61–73
aration of fresh cuttings and sieve overﬂow for energy valorization.
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Table 1
Inﬂuence of the composition of green waste on the mass output of compost (based
on VLACO, 2010).
Input (per 100 ton green waste) Output
Batch Grass, g
[ton]
Fresh
cuttings, p
[ton]
Sieve
overﬂow, s
[ton]
Compost, c
[ton]
1 44 20 36 28
2 47 18 35 35Fig. 2. Overview aerobic composting process with possible sep
or Flanders is available, the typical composition in theNetherlands
SenterNovem, 2008) is used in our case study for Flanders. Green
aste in the Netherlands can be assumed to have the same com-
osition as in Flanders, the northern part of Belgium, which is
ituated next to the Netherlands. Dutch green waste has a mois-
ure content of 50%, an ash content of 20%, and a caloric value of
.4MJ/kg (SenterNovem, 2008). The wooden fraction of the green
aste can be divided into three subcategories: small (<20mm),
edium (20–80mm), and large (>80mm). The compost is sieved at
he end of the composting process. Thewooden fraction that passes
hrough the sieve with a mesh-size of 20mm stays in the compost.
he remainder is called the sieve overﬂow and can be reused as
tructural material in the compost process, or separated for energy
alorization.
Fig. 2 represents the various options for the recovery of green
aste embedded in the current aerobic composting process under
tudy. It represents the generic mass balance in weight percentage
f the incominggreenwaste, in an instance inwhich all greenwaste
s composted. The typical mass input of a batch of green waste is
omposed of 50% new green waste, 30% sieve overﬂow (a remain-
er of theprevious composting run), and20%mass of fresh cuttings.
his leads to a typical mass output of 40% compost, 30% sieve over-
ow, and 30% emissions such as water, gasses and pollutants as
eported by OVAM (2009).
The aim of this paper is to assess whether separating sieve over-
ow and/or fresh cuttings from a batch of green waste can be more
ustainable than composting green waste exclusively. Therefore,
e need to quantify the relationship between the composition of
he blend (grass, fresh cuttings, and sieve overﬂow) and compost.
ccording to compostpractitioners, separatingpart of the freshcut-
ings in a green waste batch, and/or those from its sieve overﬂow,
ill lead to a reduction in the amount of compost being produced
OVAM, 2009). In order to quantify this effect we examine the best
vailable data. VLACO (2010), The Flemish Agency for Compost
2010) reports on experiments in two different plants that can be
sed to gain a preliminary insight in this process. The estimation
f the mass of compost based on the mass explanatory variables
f grass, fresh cuttings, and sieve overﬂow calls for a careful inter-
retation since only a small number of observations are available.
herefore we will also take into account the compost practition-
rs’ expected effects of partially separating fresh cuttings and sieve
verﬂow on the compost yield of a batch of green waste.
In the ﬁrst (summertime) experiment of VLACO (2010), the
mpact of the amount of grass, fresh cuttings, and sieve overﬂow
n compost outputwas examined for four batches of 350-ton green3 56 26 18 25
4 68 14 18 19
waste input, each with a differing composition. The sieve overﬂow
contained grinded cuttings with a diameter ranging between 15
and 40mm.
Let:
p: amountof freshwoodcuttings (frompruning) inabatchof green
waste [ton],
s: amount of sieve overﬂow in a batch of green waste [ton],
g: amount of grass in a batch of green waste [ton],
c: resulting amount of compost [ton].
The results in Table 1 show that a batch consisting of about
50% grass and 50% fresh cuttings plus sieve overﬂow yields the
highest green waste output of compost. Deviations from this green
waste composition seem to lead to less compost, based on a limited
number of test batches.
Using the limited number of observations in Table 1, the yield of
compost, c, is estimated using a multiple linear regression analysis
on the predictors grass, g, fresh cuttings from pruning, p, and sieve
overﬂow, s, and the observed responses of the resulting amount of
compost, c, on four observations. Following OVAM (2009), a linear
relationship may be assumed. The resulting estimated amount of
compost cˆ is expressedbyEq. (1),which is obtainedbyusingMatlab
R2014b.
cˆ = 0.046 · g + 0.427 · p + 0.597 · sR2 = 0.732;
R2adj = 0.195; p-value = 0.518 (1)As we want to quantify the effect of separating fresh cuttings
and/or sieve overﬂow on the resulting amount of compost, as
compared to the reference situation of exclusive composting, we
express the variables in Eq. (1) as differences between exclusive
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Table 2
Inﬂuence of wooden input material on compost (data based on experiments VLACO, 2010).
Batch Composition green waste (per 100 ton) Compost (ton) Compost yield y (weight compost
output/weight green waste mixture
with ﬁne material < 20mm) in [%]Weight ﬁne cuttings
dia≤20mm
Weight medium and large
cuttings dia >20mm
1+ 61 39 55 90.16
2+ 52 48 43 82.69
3+ 49 51 48 97.96
4+ 51 49 49 96.08
1− 59 0 45 76.27
2− 49 0 32 65.30
3− 51 0 48 94.12
4− 46 0 46 100.00
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Table 3
Effect of wooden mass with diameter larger than 20mm on the compost yield of
green waste.
Composting with wooden mass
with diameter >20mm
n1 = 4 y¯1 = 91.72% s1 = 6.88omposting and the remaining amount after separating cuttings,
rass and/or sieve overﬂow. This is based on the fact that Eq. (1)
olds true for anydifferencep,s andgof twodifferent batches
xpressed in Table 1.
Let:
p = pref − premaining (2)
s = sref − sremaining (3)
g = gref − gremaining (4)
cˆ = cref − cremaining (5)
Eq. (1) can be expressed in terms of the differences expressed in
qs. (2)–(5), see Eq. (6):
cˆ = 0.046 · g + 0.427 · p + 0.597 · s (6)
For any two different batch observations in Table 1, the sum of
he mass differences equals zero as expressed in Eq. (7)
g + p + s = 0 (7)
This allows expressing the estimated compost difference cˆ as
function of only p and s
cˆ = 0.381 · p + 0.551 · s (8)
Based on the limited number of experiments of VLACO (2010),
q. (8) indicates that the separation of fresh cuttings has less inﬂu-
nce on the resulting amount of compost than the separation of
ieveoverﬂow.Thisﬁnding is challenged,however, bya subsequent
xperiment of VLACO (2010).
The second experiment from VLACO (2010), investigated the
nﬂuence on the compost yield of using cuttings with a diameter
arger than 20mm in a green waste batch. Each season, the incom-
ng green waste was grinded, mixed, and sieved with a mesh size
f 20mm. Cuttings with a diameter larger than or equal to 20mm
ere set aside. Next, thewastemixturewas divided in two and cut-
ings with a diameter larger than 20mm were reintroduced to one
f the two parts. The subsequent batches created from this mixture
ontaining sieved wooden mass larger than 20mm are denoted
ith “+”. The other mixed green waste batches, created from a
ixture not containing sieved wooden mass larger than 20mm,
re denoted with “−”. None of the batches contained a portion of
he sieve overﬂow. The process of composting lasted 10–12 weeks.
ll batches were treated equally during compost processing. After
omposting, the input mass of both types of batches was sieved
ith a mesh size of 12mm. The results are listed in Table 2.
Using the data in Table 2, we analyze, per season, the impact onhe compost yield y of the presence of wooden mass with diameter
arger than 20mm in the green waste input. The mean of the com-
ost yield of the batches with wooden mass with a diameter larger
han20mm, y¯1, is compared to themeanof the compost yield of theComposting without wooden mass
with diameter >20mm
n2 = 4 y¯1 = 83.92% 16.00
batches without it, y¯2 (see Table 3). The veriﬁcation is carried out
with a signiﬁcance level ˛=0.05 on the difference between the two
means with the test statistic t∗0 (Montgomery and Runger, 1999)
on the null hypothesis H0 : y¯1 = y¯2. The null hypothesis cannot be
rejected at the 5% signiﬁcance level (p-value =0.6250).
In conclusion, in the caseof a regular compositionof greenwaste
(i.e. about50%greenand50%woodenmass), theeffect of separating
medium and large cuttings with a diameter >20mm during pre-
treatment has no signiﬁcant effect on the mean compost yield.
Since the above described analysis was based on a very limited
number of observations, the results are taken with caution and
compared with the compost practitioners’ (OVAM, 2009) expected
effects—that by taking a portion of sieve overﬂow s out of the
green waste input, the resulting difference in the amount of com-
post, c˜, would decrease by 50% of s. Furthermore, practitioners
intuitively expect that taking out a portion of fresh cuttings p in
the greenwaste inputwould reduce the expected resulting amount
of compost difference with 10% of p. The expected resulting
amount of compost difference c˜ based on the compost practi-
tioners’ experience is expressed in Eq. (9).
c˜ = 0.1 · p + 0.5 · s (9)
As outlined in Section 1, our goal is to investigate whether, dur-
ing a pre-treatment of the green waste input, separating a part of
the wooden mass of the sieve overﬂow after composting or prior
to the start of the compost process will enhance the sustainable
recovery of green waste. Four feasible alternatives are examined.
These alternatives denoted ˛1. . .˛4 are summarized in Table 4.
As outlined in Section 1, the EU Waste Directive 2008/98/EC
(EP&C, 2008) now permits diverting green waste from the exclu-
sive use of composting if an alternative use is proven to yield amore
sustainable outcome. Section 4 presents and discusses a model
capable of selecting the most sustainable alternative from a set of
alternatives.
4. Model developmentThe goal of this section is to develop a framework for
assessing the sustainable value recovery of green waste given the
options for composting and wood extraction prior to and/or after
composting.
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Table 4
Overview of the four alternatives to be considered for the valorization of green waste.
Alternative k Description Sieve overﬂow
separated after
composting
Fresh cuttings
separated during
pre-treatment
Change in mass balance
compared to the reference
situation of exclusive green
waste composting.
˛1 Exclusive composting (reference scenario) × × s = p = cˆ = c˜ = 0
˛2 Only sieve overﬂow
√ × cˆ = 0.551 · s; p = 0
c˜ = 0.5 · s; p = 0
˛3 Pre-treatment & sieve overﬂow
√ √
cˆ = 0.381 · p + 0.551 · s
c˜ = 0.1 · p + 0.5 · s
˛4 Only pre-treatment × √ cˆ = 0.381 · p; s = 0
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g [D /ton],
M:mass of greenwaste input per year in the recovery facility [ton],
EIm: environmental impact of process treatment for the part m.1. Sustainability assessment
.1.1. Proﬁt
Since proﬁt is the only consideration when comparing value
ecovery alternatives, the objective function can be formulated as
hemaximizationof theNetPresentValue (NPV)of different invest-
ent options (challenger situations) as compared to the actual
ituation (defender situation). In this equation, any difference in
ash ﬂow, CFt, between the defender situation and the k challenger
lternatives, needs to be taken into account.
ax
[
−FCIk +
n∑
t=1
CFt
(1 + i)t
]
(10)
TheNet FixedCapital Investment, FCIk, is the investment needed
or a different conversion alternative k than the defender situation,
akingpotential subsidies intoaccount. Thenumberof annual inter-
st periods is represented by n. The annual interest rate is denoted
y i [%]. Since the investment takes place in period 0, t starts from
=1.
When the cash ﬂows CFt are constant and equal to an amount
paid at the end of each annual interest period, the right-hand
ide of Eq. (10) can be rewritten as (Thuesen and Fabrycky,
993):
n
t=1
CFt
(1 + i)t
= B ·
[
(1 + i)n − 1
i · (1 + i)n
]
(11)
.1.2. Planet
The environmental impact of products and processes is com-
only assessed by means of an LCA that takes all environmental
ssues and their impacts into account across the entire life cycle
production, use, end of life). The environmental impact of each
lternative k is expressed as EIk. Examples based on the scien-
iﬁc CML process (see http://www.cml.leiden.edu) are the Global
arming Impact expressed in [kgCO2/kg], the depletion potential
f the stratospheric ozone layer (ODP), the summer smog creation
otential (POCP), the acidiﬁcation potential of soils and water bod-
es (AP), the nitriﬁcation potential of soils and water bodies (NP),
nd the depletion of abiotic resources (ADP). Other internationally
ccepted impact assessment methodologies are eco-indicator 99,
MPACT 2002+, ReCiPe, TRACI I, and EDIP.
.1.3. People
To quantify the relative social impact of the four alternatives
isted in Table 4, we use AHP (Saaty, 2008). First, social impact
riteria (e.g. safety, employment, etc.) need to be deﬁned. Sec-
nd, relative priority levels for the l selected criteria need to be
etermined by assigning normalized weighting factors ωl to each.
hese weighting factors will not differ for the four alternatives
nder study. Third, for each criterion, the normalized weightc˜ = 0.1 · p; s = 0
factors ωlk for social impact criterion l on alternative k are derived.
The relative weight of each criterion l per alternative k is used
to determine the social impact for each alternative k. The higher
the impact score, the more social importance is linked to that
alternative.
4.2. Mathematical formulation
The most sustainable alternative for green waste recovery out
of the k alternatives is determined by simultaneously optimizing
the three objectives describing the TBL. The sustainable opti-
mum of green waste recovery encompasses economic and social
beneﬁts maximization and environmental impact minimization,
as described above. This can be expressed mathematically by a
multi-objectiveprogrammingmodelwith threeobjective functions
(12)–(14) subject to constraints (15)–(23).
The following decision variables are used:
p: mass of fresh cuttings separated during pre-treatment com-
pared with the defender situation [ton],
s: mass of sieve overﬂow separated after composting compared
with the defender situation [ton],
c: change in amount of compost compared with the defender
situation [ton],
˛k: investment alternative k (˛k =1 if alternative k is selected, oth-
erwise ˛k =0).
The parameters and indices used are:
FCIk: net Fixed Capital Investment for alternative k taking potential
subsidies into account [D ],
n: number of annual interest periods,
i: annual interest rate [%],
CFp,: ﬁxed yearly cash ﬂow per ton for the fraction separated fresh
cuttings p [D /ton],
CFs,: ﬁxed yearly cash ﬂow per ton for the fraction separated sieve
overﬂow s [D /ton],
CFc: ﬁxed yearly cash ﬂow per ton for the fraction separated com-
post c [D /ton],
CF ﬁxed yearly cash ﬂow per ton for the fraction separated grassin the green waste batch (m= s for sieve overﬂow, m=p for pre-
treatment, m= g for grass and m= c for compost),
ωl: normalized weight factor for social impact criterion l,
ωlk: weight factor for social impact criterion l on alternative k,
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Table 5
Overview of cash ﬂow parameters for the different alternatives (data based on OVAM (2009)).
Investment in additional
equipment [D ]
Variable cost [D /ton
ﬁnal product]
Revenue [D /ton ﬁnal
product]
Beneﬁt [D /ton ﬁnal
product]
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The model consists of three objective functions Z1, Z2 and Z3
ubject to constraints (15)–(23):
ax Z1 =[
FCIk + (CFs · s + CFp · p + CFg · g + CFc · c) ·
(1 + i)n − 1
i · (1 + i)n
]
(12)
in Z2 = s · EIs + p · EIp + g · EIg + c · EIc (13)
ax Z3 =
l∑
l=1
k∑
k=1
ωl · ωlk · ˛k (14)
Subject to:
(s,p,g,c) = 0 (15)
min ≤ s ≤ smax (16)
min ≤ p ≤ pmax (17)
min ≤ g ≤ gmax (18)
min ≤ c ≤ cmax (19)
s, p ≥ 0 (20)
c ≤ 0 (21)
k
k=1
˛k = 1 (22)
k ∈
{
0,1
}
(23)
This model maximizes simultaneously the cash ﬂow (12) and
ocial impact (14) and minimizes the environmental impact (13).
he mass balance reﬂecting the effect of separating the portions
s, p, g on the resulting amount of compost c is expressed
n (15). This effect will differ if observed or expected data are
sed as already shown in Eqs. (8) and (9), respectively. Constraints
16)–(18) reﬂect the boundaries of separating the fractions s, p,
g in the green waste batch. The allowed compost loss due to
eparation of fresh cuttings and/or sieve overﬂow is expressed in
onstraint (19). Constraint (20) expresses that we consider only
hose situations in which we separate fresh cuttings and/or sieve
verﬂow in a batch of green waste composed of 50% grass and
0% cuttings and sieve overﬂow, and which yield the maximum
esulting amount of compost. Therefore, every separation of fresh
uttings and sieve overﬂowwill result in a decrease in the resulting
mount of compost difference, expressedby anon-positive amount
c (21). The green waste recovery alternatives are mutually exclu-
ive (22). The variable for the alternatives k, ˛k, is a binary variable
23).
The next step is to quantify the objective functions (12)–(14)
nd the constraints (15)–(23) for the case described in Section 3.
his is discussed in the next section.5 5
6.5 4.5
11 9
5. Computational results
In this section, the model from Section 4 is applied to a practical
case of Flanders for a green waste facility that deals with 25,000
tons of green waste per year. In this case, fresh cuttings and sieve
overﬂow are separated, as compared to the reference situation of
composting only (i.e. g=0), and lead to a loss of compost.
5.1. Proﬁt objective function
The costs and beneﬁts linked to the various alternatives listed
in Table 4 are presented in Table 5.
Taking into account expression (12) and Table 5, Z1 is expressed
as
Z1 = −200,000 · (˛3+˛4)+(9 · p + 5 · c + 4.5 · s) ·
(1 + i)n − 1
i · (1 + i)n
(24)
Following OVAM (2009) we will impose an annual interest or
return rate of 7% for the different options over a period of 5 years,
resulting in expression (25)
Z1 = −200,000 · (˛3 + ˛4) + 36.9 · p + 20.5 · c + 18.45 · s
(25)
5.2. Environmental objective function
Since no LCA study has been carried out on the different compo-
nents in Flanders, we use the LCA analysis that was carried out by
SenterNovem (2008) for one ton of Dutch green waste. This study
of a biomass power plant compares the environmental impact of
composting of green waste to incineration with energy recuper-
ation of the same composition of green waste. The LCA took the
following aspects into account: the composition of the greenwaste,
the energy consumption of all the processes involved, and the
(avoided) emissions to air, ground water and soil. Using SimaPro
6.02 SenterNovem (2008) calculated the environmental impact
scores on the total emissions to the environment, depletion of raw
materials, and space. These environmental impact scoreswere nor-
malizedby comparing themwith the total environmental impact of
the Netherlands. This resulted in weighted environmental impact
scores, further noted as Environmental Impact EI. Environmental
impacts can be expressed in LCA points (abbreviated as “Pt”) that
relate to a ton of green waste that is either composted or inciner-
ated with energy recuperation. The higher the score, the higher is
the negative impact on the environment. A negative impact score
reﬂects the avoidance of environmental impact.
The environmental objective function (13) takes into account
the environmental impact of composting and the retrieval of fresh
cuttings during pre-treatment, or retrieval from the sieve over-
ﬂow for co-ﬁring in an energy plant. This impact is reﬂected in a
normalized environmental effect score (points).
If all the aspects of the LCA analysis are weighted equally, the
environmental impact score of one ton of composted green waste
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an be represented by −1537 points denoted as −1537 Pt/ton and
ne ton of the same green waste composition with a caloric value
f 6.4MJ/kg (SenterNovem, 2008), incinerated with energy recu-
eration, can be denoted as −5374Pt/ton. Since a lower number
epresents a lower environmental impact, this signiﬁes that the
atter option has a better environmental impact solution.
In the case described in this paper, we only intend to incin-
rate a portion of the wooden fraction of the green waste input
nd a portion of the sieve overﬂow. The wooden fraction in the
reen waste input has a caloric value of 8MJ/kg (OVAM, 2009) and
moisture content of 50%. The sieve overﬂow has more impurities
nd a lower caloric value. The exact caloric value is not publi-
ally available, but we assume the value of both wooden masses
o be proportional to their market value as depicted in Table 5.
ence the caloric value of sieve overﬂow is assumed to be equal to:
.5/11 * 8MJ/kg=4.7MJ/kg by allocation.
Since the energy recuperation is the most inﬂuential parameter
n the environmental impact score, we derive the LCA scores for the
ooden fraction of green waste and for the sieve overﬂow based
n the caloric values as follows:
Wooden fraction: 8/6.4 * (−5374) =−6717Pt/ton and
Sieve overﬂow: 4.7/6.4 * (−5374) =−3947 Pt/ton.
Z2 can now be expressed as
2 = 25,000 · (−6717 · p − 1537 · cˆ − 3947 · s) (26)
.3. Social impact objective function
For quantifying the social impact, we use AHP (Saaty, 2008).
he social impact objective function (14) is the ﬁnal outcome of
he AHP assessment that assigns a social impact factor to the four
lternatives under investigation. The alternative with the high-
st social impact factor is the most sustainable from the point of
iew of the Social Impact objective. First, criteria must be chosen
hat are representative for assessing the social impact of the four
lternatives (Fig. 3). Safety, local employment, job enrichment and
ob security were selected as criteria.These criteria then need to be pair-wise ranked by relative
mportance on a scale ranging from 1 to 9. The higher the number,
he higher is the importance. For this case study the relative impor-
ance of the relative importance comparison of the Social Impact
Fig. 3. Focus, criteria and alternatives used in the AHP approach to assess the social i
able 6
ummary priorities for each hierarchical level.
Normalized weight factors ωlk Criteria l (ωl listed between br
Alternative k SA(0.65)
˛1 0.35
˛2 0.16
˛3 0.18
˛4 0.31and Recycling 110 (2016) 61–73
Criteria were scored as following (SA:LE) = (5:1), (SA:JV) = (9:1),
(SA:JS) = (7:1), (LE:JV) = (7:1), (LE:JS) = (3:1), (JV:JS) = (1:3)
The pair-wise comparison assessment of the social impact crite-
ria are then put into a comparison matrix A whose element at row
i and column j is the ratio of row i and column j. The ﬁrst row
compares, from left to right, the criteria S, LE, JV and JS with the
elements in the ﬁrst column that run, from top to bottom, SA, LE, JV
and JS. For example element aij = a32 = LE/JV=7. For this case study
the comparison matrix A is denoted in (27):
A =
⎡
⎢⎢⎣
1 5 9 7
1/5 1 7 3
1/9 1/7 1 1/3
/17 1/3 3 1
⎤
⎥⎥⎦ (27)
Since in general this pair-wise comparison of priorities by deci-
sion makers is not consistent, by deﬁnition, AHP allows some
inconsistency. The level of (in)consistency is checked by the cal-
culation of the consistency ratio. The consistency ratio is computed
from the eigenvalue max of the comparison matrix. Saaty (2006)
deﬁnes the consistency index, CI, as a measure of consistency
CI = max − 1
l − 1 (28)
with l=number of criteria and max the largest eigenvalue of A.
For the case studymax =4.205, l=4 and consequently CI=0.068.
Finally, the CI is compared to a value derived by generating ran-
dom reciprocal matrices of the same size to give a consistency ratio
CR. The comparative values, CV, are dependent to the size of the
criteria comparison matrix
CR = CI
CV
(29)
In this case of a 4×4 matrix A, the CV=0.89 (Saaty, 2006). For
the case study CR=0.077<0.1 and is, therefore, determined to be
acceptable (Saaty, 2006).
The next step is the pair-wise comparison of the four
alternatives ˛k on the four criteria. Table 6 summarizes the relative
priority level for each criterion of the alternatives. In the above row,
the normalizedweighting factorsωl are listed between brackets for
each criterion. For example, safety (S) has a normalized weighting
factor of 0.65. Per criterion, the normalized weight factors ωlk for
social impact criterion l on alternative k are listed in each column.
mpact for the four investment alternatives for the valorization of green waste.
ackets for each criterion)
LE(0.22) JV(0.04) JS(0.09)
0.08 0.16 0.16
0.08 0.12 0.12
0.42 0.52 0.52
0.42 0.20 0.20
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Finally, AHP computes the contribution of each alternative to
he overall goal (see Eq. (14)). For example, the social impact of
lternative ˛2 is calculated as
3,˛2 = (0.65) · (0.16) + (0.22) · (0.08) + (0.04) · (0.12)
+ (50.09) · (0.12) = 0.14
Z3 in (14) can now be expressed as:
3 = 0.27˛1 + 0.14˛2 + 0.28˛3 + 0.32˛4 (30)
.4. Constraints
For the observed data, the mass balance of Eq. (15) is expressed
y Eq. (8). Furthermore, the observed compost difference c˜ will be
xpressed by a negative number (see Eq. (21)):
.381 · p + cˆ + 0.551 · s = 0 (31)
Along the same lines, the mass balance involving the expected
ompost difference expressed in Eq. (9) can be written as:
.1 · p + c˜ + 0.5 · s = 0 (32)
According to OVAM (2009) sieve overﬂow accounting for at
ost 15% of the green waste batch of M ton can be separated with-
ut hampering the composting process. This upper limit is reduced
y 50% if a portion of the fresh cuttings is also separated, which is
nly applicable for alternative ˛4:
s + 0.075 · M · ˛4 ≤ 0.15 · M (33)
Toavoidhampering thecompostingprocess, the fractionof fresh
uttings that may be separated during pre-treatment is limited to
0% of the green waste batch of M ton:
p − 0.2 · ˛3 · M − 0.2 · ˛4 · M ≤ 0 (34)
The allowable compost reduction due to the separation of sieve
verﬂow and/or the wooden fraction is limited to 10% of the green
aste batch of M ton (OVAM, 2009):
cˆ + 0.1 · ˛2 · M + 0.1 · ˛3 · M + 0.1 · ˛4 · M ≥ 0 (35)
Sieve overﬂow can be separated only if the alternatives ˛2 or ˛3
re selected:
s − M · ˛2 − M · ˛3 ≤ 0 (36)
We consider cases only where sieve overﬂow and fresh cuttings
ay be separated:
s, p ≥ 0 (37)
Since we are making a comparison with the reference situation
f exclusively composting with an optimal mix, separating fresh
uttings and/or sieve overﬂow will lead to a reduction in compost.
ence the reduction of compost is expressed as a negative number:
cˆ, c˜ ≤ 0 (38)
The alternatives are represented as binary variables:
k ∈ {0,1}; k ∈ {1,2,3,4} (39)
All alternatives are mutually exclusive:
4
k=1
˛k = 1 (40)The MOMILP for the green waste case with objectives (25),
26) and (30) and constraints (31)–(40) was solved using the aug-
ented ε constraint method (AUGMECON), a new version of the
onventional ε-constraint method that provides remedies for itsand Recycling 110 (2016) 61–73 69
well-known pitfalls (Mavrotas, 2009). In the ε-constraint method,
one of the objective functions is optimized while the other objec-
tive functions are used as constraints. It has several advantages
over the weighting method (Mavrotas, 2009), such as obtaining
a richer representation of the Pareto optimal front and being ﬁt
for use in multi-objective integer and mixed-integer programming
problems. Compared to the ε-constraint method, the AUGMECON
methodavoidsgeneratingweakParetooptimal solutionsandaccel-
erates the optimization process by avoiding redundant solutions.
The AUGMECON method is available in a number of different
modeling languages, including GAMS (general algebraic model-
ing language, www.gams.com). The interested reader is referred
to Mavrotas (2007, 2009) for further details of the AUGMECON
method.
Using GAMS, the outcome of the model shows three opti-
mal alternatives taking the expected or observed mass balance
into account (see Section 5.5). The computing time to solve the
MOMILP is 22 s. Solving the alternatives ˛2, ˛3 and ˛4 sepa-
rately, as MoLP models using Matlab R2014b, validated the model
results. In general, such MoLP models have no single solution but
a set of Pareto-optimal solutions. Only in the particular case of
non-conﬂicting objectives will the outcome be a single optimum
solution (Deb, 2009). Since Eqs. (25) and (26) do not conﬂict and
since objective Z3 is not a function of p, s and c, the indi-
vidual MoLP for each alternative can be solved as an LP model,
considering the objectives Z1 and Z2 separately as a single objec-
tive function. The solutions for each individual LP model will be
the same, regardless of whether Z1 or Z2 is used as the objective
function.
As a result of solving the MOMILP, GAMS generate different
optimal parameter solutions for each alternative (p, s and c).
Following Deb (2009), the optimum objective values of each alter-
native constructs the elements of the ideal-point vector for the
global problem under investigation. Finally, each single optimal
solution per alternative is weighted and is allocated a weighted
percent of deviation factor, WPD. This is a measure that calculates
the weighted distance between an optimal solution and the ideal
point. Each objective function gets a weighting factor, wj, repre-
senting its importance. For all solutions s of the Pareto-optimal set,
the value fjs of the jth objective function is calculated and compared
with the ideal point of the jth objective function value fj*. The ideal
point is formed by the optimal result per objective function over all
the assessed alternatives. The values of the ideal point are marked
in bold in Tables 7 and 8 of Section 5.5.
WPDs =
3∑
j=1
⎡
⎣wj ·
∣∣∣f sj − f ∗j ∣∣∣
f ∗
j
⎤
⎦ (41)
5.5. Scenario analysis
In this subsection we discuss the outcome of the model
described in the previous subsection.
In general, sustainable recovery of biomass waste requires sub-
sidies in order to be economically viable. These subsidies can differ
greatly across European member states and regions. In the neigh-
boring countries of Germany, the Netherlands, and the UK, such
subsidies are substantially higher than in Flanders (OVAM, 2009).
Basically, two forms of subsidies are used to support the intro-
duction of sustainable use of biomass recovery investments: those
granted for investments, or those granted to support exploitation.
Some European member states, or regions, employ both forms of
subsidy; others employ only one. In Flanders both types of subsidy
are in place (OVAM, 2009).
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Table 7
Outcome of the mathematical model for the four alternatives under study (expected values).
Alternative k p
[ton]
c
[ton]
s
[ton]
Z1
[D ]
Z2
[LCA pt]
Z3
˛1 0 0 0 0 0 0.26
˛2 0 −1875 3750 30,750 −11,919,375 0.14
˛3 5000 −1437.5 1875 −10,375 −38,776,190 0.28
˛4 5000 −500 0 −25,750 −32,816,500 0.32
Table 8
Outcome of the mathematical model for the four alternatives under study (observed values).
Alternative k p
[ton]
c
[ton]
s
[ton]
Z1
[D ]
Z2
[LCA pt]
Z3
˛1 0 0 0 0 0 0.26
˛2 0 −2066 3750 26,829 −11,625,420 0.14
˛3 5000 −2938 1875 −41,128 −36,469,919 0.28
˛4 5000 −1905 0 −54,553 −30,657,020 0.32
Fig. 4. Expected mass balance overview WPD values for different values of weight factors w1–w2–w3.
Fig. 5. Observed mass balance overview WPD values for different values of weight factors w1–w2–w3.
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Fig. 6. Inﬂuence of a subsidy S [D ] on the optimal alternative selection for w1 =w2 =w3 = 0.33.
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sFig. 7. Inﬂuence of a subsidy S [D ] on the opti
Another notable difference is the link between subsidies and the
aste conversion method. Some EU member states or regions sup-
ort more environmental use of biomass through higher subsidies;
s a result these (novel) conversion methods are being applied in
pite of their higher (initial) investment cost (OVAM, 2009).
In our experimentswe consider two scenarios: onewith no sub-
idy being granted and one with a subsidy to separate the cuttings
rom an incoming green waste batch. In the latter case, a subsidy S
D ] will be subtracted from the net Fixed Capital Investment cost,
CI.
.5.1. Scenario 1: no subsidies
The ﬁrst scenario represents the current situation in Flandershere no subsidies are granted for the separation of the wooden
raction of biomass from green waste for waste-to-energy pur-
oses. This is the situation described in Section 4. The optimal
olutions for the four alternatives are expressed in Table 7 for thelternative selection for w1 = 0.8; w2 =w3 = 0.1.
expected mass balance and in Table 8 for the observed mass bal-
ance. The optimum objective values forming the ideal-point vector
are indicated in bold.
The best solution is the one with the overall lowest relative
deviation to the optimal solution expressed by the WPDs factor.
The WPDs is calculated for the four alternatives for four different
weighting factor combinations w1, w2 and w3 representing: strong
emphasisonproﬁt (w1 =0.8,w2 =0.1andw3 =0.1),mediumempha-
sis on proﬁt (w1 =0.6,w2 =0.2 andw3 =0.2), emphasis on proﬁt and
environment (w1 =0.4, w2 =0.4 and w3 =0.2), and equal emphasis
on proﬁt, environment and social wellbeing (w1 =0.33, w2 =0.33
and w3 =0.33). The results are depicted in Fig. 4 for the expected
mass balance and in Fig. 5 for the observed mass balance.The solution with the lowest WPDs value is the optimal solu-
tion for themultiple objective-programmingmodel. In the scenario
without subsidies, the optimal situation is the second alternative
(i.e. only partial separation of the sieve overﬂow for which no
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sFig. 8. Inﬂuence of a subsidy S [D ] on the opt
nvestments have to take place), independent of the use of the
xpected or observed mass balance and independent of the weight
actors assigned to the components Proﬁt (w1)–Planet (w2)–People
w3).
.5.2. Scenario 2: Investment subsidy for pre-treatment
If a subsidy of S [D ] for investment in pre-treatment is
ranted, the optimal alternative will differ depending on the size
f the subsidy and the weights assigned to People–Planet–Proﬁt
Figs. 6–8). The tipping point for alternative ˛3 to become the
ptimal alternative instead of alternative ˛2 is dependent on the
ssigned weighting factors to People–Planet–Proﬁt. We demon-
trate this effect for the case of the expected mass balance. If
1 =w2 =w3 =0.33, the tipping point to shift from alternative ˛2
o ˛3 as the optimal alternative is a subsidy equal to S=5637D . If
1 = 0.8 and w2 =w3 =0.1 then the tipping point is S=36,443D and
f w1 =w2 =0.4 and w3 =0.2 then the tipping point is S=13,581D .
or all alternatives—except for the reference situationof alternative
1—granting a subsidy S [D ] has an impact on the relative optimiza-
ion of the alternatives ˛2, ˛3 and ˛4. We observe that the higher
he subsidy above the tipping point, the less attractive alternative
2 becomes compared to the alternatives ˛3 and ˛4 (see Figs. 6–8).
. Conclusions on research ﬁndings and directions for
urther research
The use of renewable energy sources is becoming increasingly
mportant to mitigate the impact of global warming. In Europe,
iomass is the most commonly used renewable energy source;
owever, biomass extracted from waste ﬂows is still an under-
alued feedstock (Gold and Seuring, 2011). This paper assessed
hether separating sieveoverﬂowand/or freshwoodcuttings from
reen waste to be used for energy production could be more sus-
ainable than exclusive green waste composting. Assuming this
ould be demonstrated and that the separated quantity of sieve
verﬂow and cuttings does not hamper the composting process,
portion of the wooden fraction of green waste could be used as
iomass feedstock for energy valorization in compliance with the
uropean Waste Directive 2009/28/EC.
To answer this research question, a multi-objective mixed-
nteger linear programming model that takes the three pillars of
ustainability into account was formulated and solved using thelternative selection for w1 =w2 = 0.4; w3 = 0.2.
ε-constraint method. This paper contributes to the scarce litera-
ture on simultaneously optimizing the three sustainability pillars
as well as to valorization of undervalued waste streams for the
sustainable production of power and heat.
The model was applied to green waste test data of OVAM, the
public Flemish Waste Agency. Model outcomes show that the opti-
mal alternative depends on the level of available subsidies. If no
subsidies for separating cuttings prior to composting are granted,
the alternative of separating a part of the sieve overﬂow for energy
valorization is a better alternative than the reference situation in
which all green waste is used exclusively for composting. If a sufﬁ-
ciently large subsidy is granted, theoptimal valorization alternative
shifts to partially separating fresh cuttings in the incoming batch of
green waste and partially separating the sieve overﬂow, with both
used for energy valorization. The model outcome supports earlier
expectations of OVAM that retrieval of some wooden mass out of
green waste would lead to a better sustainable result. However,
compared to thesolelyeconomicevaluationof the fouralternatives,
sustainability optimization presents a nuanced picture in which
other alternatives can be preferred depending on the policy choice
assigned to the importance of the People–Planet–Proﬁt indicators.
The frameworkpresented in this paper also canbeused to assess
recovery processes for other types of waste and biomass. Because
the methodology is capable of comparing alternative processing
and recovery methods using the triple bottom line concept, it can
help decision makers identify trade-offs between three basically
incommensurable dimensions. Further research could be directed
toward including additional sustainability dimensions (following
e.g. Munda, 2005) and examining the weighing criteria for the
sustainability dimensions in order to gain greater insight into the
sensitivity of model outcomes. Additionally the proposed frame-
work could be used to determine the amount of subsidy thatwould
be required tomake currently economically inviable pre-treatment
and recovery processes such as pyrolysis attractive.
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